Abstract: This paper presents evidence that loss aversion affects taxpayers as they file their annual tax returns, and presents a framework for estimating the policy impact of this psychological phenomenon. In my theoretical framework, taxpayers manipulate the money paid to the tax authority through avoidance and evasion activities. When taxpayers face the prospect of owing the tax authority money on tax day, loss aversion generates the perception of a greater marginal utility of tax reduction and therefore motivates greater pursuit of tax reduction activities. Applying a bunching-based identification strategy to U.S. tax return data, I estimate that taxpayers facing a payment on tax day reduce their tax liability by $34 more than taxpayers owed a refund.
When rewards or payments depend on a reported outcome, economic agents face incentives to manipulate the outcome that they report. Car mechanics face incentives to report that more repairs are necessary.
1 CEOs face incentives to report higher earnings. 2 Taxpayers face incentives to report behaviors that minimize their tax bill.
3 In environments such as these, understanding the decision-making process underlying these manipulations can be of substantial importance, since knowledge of manipulation's determinants can critically inform the study and design of economic policy. However, empirical examination of this decisionmaking process is often challenging, since the participating agents are actively concealing their behavior.
4
In this paper, I present a framework for detecting and measuring the influence of a prominently studied psychological phenomenon-loss aversion-on manipulation decisions like those discussed above. I develop this model in the specific context of the avoidance and evasion of tax liability. As in many environments with manipulation, precisely measuring the amount of avoidance and evasion pursued by a tax filer can be prohibitively difficult, even when audited data are available. However, I show that, even in contexts where the manipulation itself cannot be directly observed, the presence of loss aversion can be readily detected from the distribution of reported outcomes. Furthermore, I show that the quantitative impact of loss aversion on manipulation behavior may be inferred from this distribution with relatively minimal parametric assumptions.
The context of taxation is amenable to the study of loss-averse manipulation due to an especially salient gain/loss framing and due to the presence of a rich menu of manipulation opportunities. To illustrate, consider the tax filing process typically experienced in the United States. Throughout the year, a taxpayer earns taxable income, takes actions that might be tax advantaged, and makes tax payments based on a forecast of the tax liability that will ultimately be owed. In preparation for tax day, these activities must be precisely documented and reported to the Internal Revenue Service (IRS), and the "balance due"-the difference between the total taxes owed and the tax payments already made-must be 1 For a recent demonstration in the context of an audit study, see Schneider (2012) .
2 For a theoretical examination of managerial manipulation incentives and references to related empirical results, see Crocker and Slemrod (2007) .
3 For a review of the magnitude and determinants of U.S. tax evasion, see Slemrod (2007) . 4 For a recent summary of attempts to detect and study manipulation, see Zitzewitz (2012) .
settled. If the balance due is positive, the tax filer must pay that amount to the IRS, and thus incurs a literal loss. If the balance due is negative, the tax filer collects a refund, and thus incurs a literal gain. If taxpayers view gains and losses in this way, models of loss aversion predict that taxpayers owing a payment will be significantly more likely to take advantage of any opportunity to manipulate the taxes owed. For example, to reduce the loss that must be paid, the taxpayer might choose to pursue tax-incentivized behaviors, might devote more time and effort to making sure any incentives due are claimed, or might be more aggressive in attempts to evade taxes.
In the theoretical component of this paper, I present a model of taxpayers facing a sequence of costly manipulation opportunities and deciding which opportunities to take. Consistent with models of prospect theory (Kahneman and Tversky, 1979) , I assume that the perceived value of a marginal dollar drops discontinuously when losses turn to gains. This generates a distinctive pattern in the distribution of manipulated balance due that is reported to the IRS. Individuals in the loss domain pursue a greater amount of tax manipulation activities relative to individuals in the gain domain, shifting this region of the distribution to lower reported values. Moreover, a disproportionate fraction of taxpayers choose to manipulate their balance due to the immediate vicinity of the gain/loss threshold then discontinue pursuit of additional manipulations in response to the sudden drop in marginal returns. These predictions permit a reduced-form test of the existence of loss aversion in administrative tax records. Turning to structural analysis, I demonstrate that the strength of loss aversion in preferences (summarized in the parameter of loss aversion commonly denoted as λ) cannot be separately identified from features of the costs of manipulation. However, despite the inability to identify this preference parameter without significant structural restrictions, it is possible to both identify and estimate the resulting difference in tax reduction pursued across gains and losses. That difference may be used as a sufficient statistic to measure the individual and aggregate consequences of loss-averse behavior.
In the empirical component of this paper, I deploy this framework in the 1979-1990 IRS Statistics of Income Panel of Individual Returns. As predicted by the model, the distribution of balance due is shifted in a manner consistent with higher manipulation in the loss domain, and significant excess mass is seen in the near vicinity of zero balance due. This pattern is shown to be associated with pursuit of common tax manipulation opportunities, is more pronounced among higher-income tax filers, and is not driven by withholding behavior. My estimates suggest that individuals facing a loss pursue an additional $34 of tax reductions
above and beyond what would be pursued if they faced a gain.
Reference-dependent response to income taxation has been the topic of a considerable amount of prior research. This literature has demonstrated theoretically that loss aversion can help rationalize a variety of features of our tax system, such as the high rate of voluntary compliance.
5 Furthermore, the presence of gain/loss framing effects has been demonstrated empirically in a number of surveys and lab experiments, supporting the possibility that taxpayers consider their position relative to a zero-balance-due reference point. 6 Despite encouraging results from this line of research, direct study of this phenomenon in the field has been limited, presumably due to data constraints and the difficulty of compelling identification. In an admirable attempt to overcome the challenges of identifying loss aversion in field data, Engström, Nordblom, Ohlsson, and Persson (2015) present evidence that Swedish taxpayers claim a deduction for "other expenses for earning employment income" more often when they face a loss. The authors document that-under the assumption that this manipulation decision is the marginal decision for all studied tax filers and under a specific assumed structure on the costs of pursuing these manipulation opportunities-their results can be rationalized by a loss averse model with a loss-aversion parameter approximately in line with existing experimental evidence.
My results contribute to this literature in three ways. First, I leverage the intuitions of the tax-bunching literature 7 to illustrate robust and observable features of tax records that identify the presence of loss aversion with minimal structural assumptions. This approach does not require the researcher to observe manipulation directly, it does not require the 5 See, for example, Elffers and Hessing (1997), Yaniv (1999) , Bernasconi and Zanardi (2004) , Kanbur, Pirttilä, and Tuomala (2008 ), or Dhami and al Nowaihi (2007 , 2010 .
6 See, for example, Carroll (1992), Chang, Nichols, and Schultz (1987) , Kirchler and Maciejovsky (2001) , Robben et al. (1990) , Robben, Webley, Elffers, and Hessing (1990) , or Schepanski and Shearer (1995) . In contrast, Schadewald (1989) presents experimental results where manipulations of reference points did not have significant effects. While this literature generally supports analyzing loss aversion relative to a zerobalance-due reference point, it is conceivable that other reference points are active for some tax filers. I return to discussion of this issue in section 4.
7 Especially Saez (2010) and Chetty, Friedman, Olsen, and Pistaferri (2011). researcher to know which of the myriad manipulation opportunities are marginal, and it does not require the researcher to specify a distribution of manipulation costs. Second, and more importantly, the approach taken here allows for the estimation of the impact of loss aversion on aggregate manipulation, measured in dollars. If tax filers who face gains were as motivated to manipulate as those facing losses, annual tax revenue would decrease by 3.7 billion dollars. If tax filers who face losses were as motivated to manipulate as those facing gains, annual tax revenue would increase by 1.4 billion dollars. As I demonstrate in section 4, effects of the magnitude I document are large enough to play a significant role in assessing changes to withholding policy. Third, and finally, the approach developed for this task is broadly portable to other settings where a loss-averse individual is able to manipulate an observable outcome. In that respect, this paper contributes to the exercise of building tools for exporting behavioral economic models into field settings.
The paper proceeds as follows. Section 1 presents the theoretical framework for quantifying the impact of loss aversion in manipulation decisions. Section 2 describes the tax return data used to employ this framework. Section 3 presents the primary empirical analysis. Section 4 concludes by discussing the implications of these results for tax policy and behavioral economics.
Theoretical framework
In this section, I model the manipulation decisions of taxpayers who are preparing to file their annual tax returns. This model formally characterizes the distinguishing observable implications of loss aversion, setting the foundation for the empirical approach pursued in the remainder of the paper.
Discussion of decision-making environment
Every April, U.S. taxpayers go through the process of filing their annual tax return.
In this process, taxpayers formally document all of their tax-relevant information for the previous calendar year. This amount is compared to the taxes already collected through employer withholding and earlier estimated tax payments. These earlier payments are based on coarse withholding rules or imperfect forecasts: as a result, a remaining difference nearly always exists, and must be settled. Most taxpayers-77% in the sample studied in this paper-are overwithheld, meaning that the taxes already paid were in excess of the total taxes due. At the time of filing, these taxpayers document their overpayment and submit for a refund in that amount. The remaining taxpayers are underwithheld, meaning their taxes paid throughout the year were less than the total amount due. These taxpayers must make a payment to the IRS.
Completing the annual tax return involves several steps of documentation and calculations. Taxpayers first identify themselves and the members of their household. Next, taxpayers report their taxable income, documenting items such as wages, salaries, tips, business income, investment income, and income from rents or partnerships. Taxpayers may then report "adjustments" to that taxable income-claimed for things such as donations to taxpreferred retirement savings accounts and payments of alimony-resulting in the calculation of "Adjusted Gross Income" (AGI), an amount commonly used to summarize taxpayers' income subject to tax. The taxpayer next has the opportunity to accept a standard deduction from AGI or to complete an additional form to "itemize" deductions. 8 Through itemization, the taxpayer can reduce income subject to tax by reporting deductible activities such as charitable contributions, medical and dental expenses, or home mortgage interest payments.
To finish the return, the taxpayer then calculates the tax due, claims credits for pursuing tax incentivized behavior, reports other taxes paid and payments already made to the IRS, and finally computes the balance due.
Taxpayers commonly devote significant time and effort to completing this task. For example, in a survey administered shortly after tax day, Blumenthal and Slemrod (1992) found that taxpayers spent on average 27 hours documenting and reporting their taxable behavior. Furthermore, time devoted to doing taxes has been shown to be especially aversive.
Benzarti (2015) finds that taxpayers often forgo tax savings to avoid the hassle cost of itemizing their tax returns. His estimates imply that taxpayers dislike working on their taxes 4.2 times as much as they dislike working at their jobs, and that taxpayers leave 8 Prior to 1987, the standard deduction was implemented as a "zero bracket amount," but functioned in a similar manner.
substantial amounts of deductions "on the table" to avoid the aversive work necessary to claim them. In short, the process of filing taxes is often long and arduous, and evidence suggests that taxpayers make decisions on what tax reductions to claim by balancing their benefits of tax reduction against the costs needed for that reduction to be realized.
To make the process I seek to model concrete, imagine a taxpayer in the process of considering his tax burden. This taxpayer has a sense of the balance that will be due, and is considering a variety of options available to manipulate the final balance he will have to report. This taxpayer remembers that he made a charitable contribution and knows that if he spends time looking through his records he can find that documentation and request a deduction. This taxpayer has a tax-preferred retirement savings plan and knows that if he takes the time to add money to this plan he might claim an adjustment to income. This taxpayer also has income from a small business and believes that he might get away with illegally evading taxes by claiming less business income than he actually earned. In the section that follows, I model the behavior of taxpayers facing a sequence of decisions like these and deciding which costly manipulations to pursue.
A model of sequential manipulation decisions
Consider a taxpayer who seeks to manipulate his tax liability. His position is currently summarized by the balance due to the IRS. Based on his previous withholding behavior and his current plans for tax reporting, this individual's balance due takes the value b P M , denoting the "balance due prior to manipulation."
This taxpayer faces a sequence of manipulation opportunities. Each opportunity is characterized by the parameters (m i , c i ). The parameter m i denotes the tax reduction granted by this manipulation opportunity, whereas c i denotes the taxpayer's forecast of the costs associated with taking that opportunity. In principle, the costs measured by c i could derive from hassle, accounting effort, expectation of future penalties for detected evasion, or indeed any other deterrent to the pursuit of this tax manipulation opportunity. This discrete formulation of the costs and benefits of tax reductions naturally accommodates pursuing credits and deductions of fixed sizes. Furthermore, this framework can accommodate continuous decisions by including a subsequence of manipulation opportunities where each m i is arbi-trarily small-for example, considering the pursuit of an evasion opportunity one dollar at a time.
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To incorporate loss aversion into this decision process, let individuals evaluate their money exchanged with the IRS according to a piecewise-linear version of the prospect-theory value function:
In this framework, x denotes the money under evaluation, r denotes the reference point, and λ determines the degree of loss aversion. The assumption that λ > 1 captures the notion that decision makers value a marginal dollar more when it makes a loss smaller than when it makes a gain larger.
10
Applying this underlying utility structure, a loss-averse taxpayer will evaluate the benefit from each manipulation opportunity as:
In words, if the manipulation opportunity makes an existing gain larger, it generates 1 util 9 In a previous version of this paper, I presented an alternative theoretical framework assuming that the taxpayer could continuously manipulate the total amount of tax reduction, in contrast to the sequence of discrete decisions considered here. The continuous model makes broadly similar predictions, although it is not as well suited to analyzing diffuse bunching arising from imperfect targeting of manipulation amounts. For this analysis and additional discussion, see Rees-Jones (2014) .
10 For the purposes of this exercise, the crucial feature of this utility function is its piecewise linearity. By assuming piecewise linearity, I am explicitly excluding two components of prospect-theoretic models that are at times applied. First, this formulation does not include "diminishing sensitivity," a feature which induces risk-loving behavior over losses and risk-averse behavior over gains. In section 3.2, I present evidence that the key observable prediction of diminishing sensitivity is not seen in my data, lending support to this modeling decision. Second, this formulation influences the manner in which a direct consumption-utility term may be incorporated into this model. A utility model in the style of Kőszegi and Rabin (2006) ) is linear, overall utility again admits a piecewise linear representation, and the core results of this section hold without modification. However, the approach taken here would fail under the assumption of significant curvature of direct consumption-utility, of the type that is typically ruled out by, e.g., Rabin's calibration theorem (Rabin, 2000) .
per dollar of tax reduction. If it makes a loss smaller, it generates λ utils per dollar of tax reduction. If this opportunity changes a loss to a gain, the portion reducing the loss is valued at λ per dollar, and the remaining amount generating gains is valued at 1 util per dollar.
Implications for total manipulation
We will now consider the implications of this valuation for the taxpayer's sequential decision problem. Assume that the tax filer directs his attention so that he considers the most efficient manipulation opportunities first: that is, if i < j, then This sequence can be divided into three regions of differing behavior. Define two thresh-
. By the technical assumptions above, these thresholds are guaranteed to exist. And furthermore, L ≤ H by construction, with the inequality strict whenever there exists a manipulation opportunity satisfying
. Notice that for manipulation opportunities indexed 1 through L, the tax filer would take the option regardless of gain/loss status. Even if the manipulation opportunity is making a gain bigger-the situation where the perceived value of the opportunity is minimized-the option is guaranteed to be sufficiently appealing since
For linear utility, considering manipulation opportunities in this manner is optimal. For the piecewiselinear utility function I study, considering manipulation opportunities in this order is approximately optimal in the following sense. If a taxpayer following this decision rule either accepts all, or rejects all, manipulation opportunities in the marginal set (defined below), this order of consideration results in all utility-improving manipulations being considered and taken and all utility-reducing opportunities being rejected. This describes the behavior of all taxpayers except for those reporting balance due in a narrow window surrounding the reference point, and thus ensures that this decision rule leads to optimal decisions for nearly all taxpayers. For taxpayers ending their search on a manipulation opportunity inside the marginal set-taxpayers contributing to bunching-this decision rule could result in failure to consider a utility-improving opportunity. A manipulation opportunity that leads the taxpayer to cross the reference point can have lesser utility benefit than a smaller, less efficient manipulation opportunity that is entirely evaluated in the loss domain. Note, however, that any order of consideration of the elements of the marginal set (including the fully optimal one) would generate similar features as those discussed below. I therefore view the imposition of an exogenous order of consideration as a benign assumption that dramatically simplifies notation and exposition relative to that in a model with endogenous search order.
By similar logic, notice that for manipulation opportunities indexed higher than H, the tax filer would never choose to take the manipulation opportunity. Even if the manipulation is making a loss smaller-the situation where the perceived value of the opportunity is maximized-the option is guaranteed to be unappealing since
In cases where L < H, manipulation opportunities indexed by
i ∈ [L + 1, H] will be referred to as the marginal set. These opportunities will not be taken if the individual has already "made it" to the gain domain, but they will be taken if the balance due is a sufficiently large loss at the moment they are considered. I will index the specific elements of this set by j ∈ {1, · · · , J}.
To illustrate this partitioning, we will now consider a simplified numeric example. As I proceed with the development of theoretical results, I will return to this example to build intuitions before proceeding to present the general case. Table 1 presents an example sequence of 6 manipulation opportunities. Each of these opportunities reduces taxes owed by $10 if taken. However, each requires a different amount of hassle and accounting effort to claim, resulting in different costs (listed in column 3). The taxpayer considering this sequence is loss averse, with a loss aversion parameter (λ) of 2.
As above, we may partition this sequence into three regions of behavior. For opportunities 1 and 2, the costs are less than $10, and thus these opportunities will be taken regardless of gain/loss status. Applying the notation above: L = 2. For opportunity 6, the cost is greater than $20 = $10 * λ, and thus this opportunity will not be taken regardless of gain/loss status. Applying the notation above, H = 5. Manipulation opportunities 3, 4, and 5 form the marginal set, and each will be taken only if pre-manipulation balance due is sufficiently large, with the relevant threshold indicated in column 4.
The top panel of figure 1 illustrates the relationship between pre-manipulation balance due and total tax reduction from manipulation that arises in this example. If the premanipulation balance due position is less than $22, the tax filer pursues only manipulation opportunities 1 and 2, resulting in the minimal manipulation amount of $20. If the premanipulation balance due position is larger than $48, the tax filer pursues manipulation opportunities 1 − 5, resulting in the maximal manipulation amount of $50. Between these two thresholds, optimal manipulation is a step function reflecting the progression through marginal manipulation opportunities.
In the general case, we may similarly express the total manipulation pursued as a function of the taxpayer's pre-manipulation balance due b P M as
As in the example, optimal total manipulation is a step function governed by an ordered sequence of thresholds. Each threshold is determined by
, determining the largest premanipulation balance due for which opportunity j will be pursued. Each interval (T j , T j+1 ] defines the set of pre-manipulation balance due values such that, once the individual reaches marginal decision j, the individual 1) faces a sufficient loss that he will take that opportunity, but 2) will not take the next manipulation opportunity in the sequence, since opportunity m j resulted in a balance due that was a gain (or sufficiently close to one).
If total manipulation is observed, testing for this structure would provide a very direct test of loss aversion. Unfortunately, forming an adequate measure of total manipulation in tax records is extremely challenging due to heterogeneous manipulation strategies and issues of measurement. Picking a specific, observable manipulation opportunity provides an imperfect test since it is difficult to assess ex ante if that opportunity will be in the marginal set for all, or even some, tax filers. Forming a measurement of the aggregate of all manipulation behavior is also difficult since the manipulation behavior I study includes both legal tax avoidance and illegal tax evasion, and quantifying the precise amount of illegal tax evasion is notoriously difficult even in audited tax returns. These considerations suggest that attempts to directly measure manipulation will provide noisy proxies for the behavior we wish to study. While the presence of noise is not inherently prohibitive for some identification strategies, it is a significant hindrance to detecting sharp discontinuities-the defining feature of optimal behavior under loss aversion. 12 To circumvent these difficulties, I adopt a latent-variable approach that embraces our imperfect ability to precisely measure tax manipulation. I instead identify the presence and size of manipulation based on its effects on a variable that is perfectly observed in standard administrative records: the final balance due reported to the tax authority after all manipulation has occurred.
Implications for reported balance due
To build intuitions for the translations of these results to reported balance due, we again return to the example presented in table 1 and figure 1.
In order to calculate the range of post-manipulation balance due amounts reported when pursuing any given level of total manipulation, we may simply subtract the total manipulation pursued from the range of pre-manipulation balance due amounts mapping to that manipulation strategy. Column 6 of table 1 presents these ranges, and the middle panel of figure 1 plots the resulting correspondence between post-manipulation balance due and the total manipulation pursued. As in panel 1, this relationship is characterized by pursuit of the minimal manipulation amount of $20 for sufficiently low balance due amounts:
that is, post-manipulation balance due values less than −$8-a small refund. Similarly, the maximal manipulation amount of $50 is pursued for sufficiently high balance due amounts:
that is, post-manipulation balance due values greater than $8-a small payment. For the range between −$8 and $8, the discontinuities in m * (b P M |r) generate overlap in the region of post-manipulation balance due values that result from different amounts of manipulation.
When this pattern of optimal manipulation behavior is applied, it generates observable and distinctive features in the distribution of reported post-manipulation balance due. These features are illustrated in the bottom panel of figure 1, in which I plot a histogram of the manipulated balance due that the example taxpayer would report (
). This histogram exhibits the two key observable features generated by loss-averse manipulation.
First, note that loss-averse manipulation generates excess mass, or "bunching," around the reference point. This is generated by the fact that a comparatively wide range of pre- pursued by those who face a loss. In contrast to the prediction of bunching, the prediction of shifting directly affects taxpayers for a large range of potential reported values, and thus constitutes the primary policy-relevant outcome of loss-averse manipulation.
We will now translate these features to the general case, which will form the basis of the structural estimation exercise pursued in the remainder of this paper. Assume that the taxpayer draws his pre-manipulation balance due from the distribution f P M (b). It will be notationally convenient to additionally define g(
, the distribution of balance due that would be observed if the minimal manipulation amount were always pursued, andm = ∑ H i=L+1 m i , the difference between the minimal and maximal manipulation amounts. I will also denote the indicator function by I(x); this function takes the value of 1 if statement x is true, and otherwise takes the value of 0.
Applying the optimal manipulation formula and the notation above, we may characterize the distribution of post-manipulation balance due, f (b), as:
As in the numeric example, for values sufficiently into the gain domain, the observed postmanipulation distribution is simply the pre-manipulated distribution, shifted by the minimal
For values sufficiently into the loss domain, the observed post-manipulation distribution is simply the pre-manipulated distribution, shifted by the maximal amount of tax reduction, ∑ H i=1 m i -m more than the minimal shift assumed in the definition of g (b) . For values in a narrow region near the reference point, the distribution exhibits excess mass, determined by the terms:
(6)
Detecting and measuring the policy impact of loss aversion
To summarize, loss-averse manipulation generates two qualitative predictions about the shape of the distribution of the balance due reported to the IRS.
Bunching prediction: Loss-averse manipulation generates excess mass, or "bunching," near the reference point.
Shifting prediction: Loss-averse manipulation generates a uniform shift of the loss domain of the balance due distribution relative to the gain domain of this distribution.
Looking for evidence of these two predictions provides a sharp reduced-form test or the presence of loss aversion.
Additionally, and perhaps more importantly, equation 4 makes clear how the policy impact of loss aversion might be estimated and quantified. The quantitative impact of facing a loss is succinctly summarized in parameterm. This parameter governs the increase in manipulation pursued by those facing a loss compared to those facing a gain, measured in dollar units. By fitting a distribution of the form implied by equation 4 to the observed balance due distribution-simultaneously estimating parametersm, B 1 , B 2 , and the structure of distribution g-this impact of facing a loss might be estimated. This is the task we will turn to in section 3.
As an alternative means of quantifying loss aversion in this model, one could instead attempt to estimate the coefficient of loss aversion (λ). While knowledge of this parameter is neither necessary nor sufficient to infer the impact of loss aversion on tax revenue, an estimate would be useful for comparison to existing experimental evidence. Unfortunately, this parameter cannot be identified from either the final balance due or from observed manipulation without knowledge of the distribution of costs of manipulations. Intuitively, one cannot distinguish between the possibility that the marginal manipulation opportunities are pursued due to strong loss aversion combined with comparatively high costs versus weak loss aversion combined with comparatively low costs. To quickly verify the identification problem, notice that column 7 of table 1 presents a modification to the sequence of costs in the numerical example that would generate the same pattern of optimal behavior under the alternative assumption that λ = 4. In the appendix, I prove that any pattern of manipulation behavior that may be rationalized by a given λ > 1 and sequence of manipulation opportunities can also be rationalized by any other value of λ > 1 with appropriate modifications to the assumed sequence of costs. Any credible estimation of λ must therefore rely on credible external knowledge of the nature of manipulation costs. Since the costs of manipulation incorporate many intangible and unmeasured components (including idiosyncratic evaluation of hassle, forecasts of necessary accounting effort, and subjective assessments of audit probabilities), little empirical evidence exists to precisely inform such modeling decisions. By focusing attention on parameterm, I sidestep the need to make strong assumptions regarding costs while still recovering a policy-relevant measure of loss-averse behavioral response.
Data
The data considered in this study come from the 1979-1990 IRS Statistics of Income Numbers (SSNs): five four-digit numbers were drawn, and tax filers whose last four SSN digits matched one of these codes were included in the sample. These data contain many line items reported on the tax return, allowing direct observation of balance due and many steps of its calculation.
In the process of preparing the dataset, I exclude data according to several criteria. First, I
restrict my sample to taxpayers in the 50 states or the District of Columbia. Second, I remove a small number of observations that were drawn from a different sampling frame.
13 Finally, I drop any data for filing years before 1979. 14 These exclusions remove 3,051 observations from the raw data, and yield a sample size of 291,275 person-years for 64,027 tax filers.
In addition to these basic data-integrity sample exclusions, I will further restrict the data 13 Not all five groups of SSN numbers were sampled in all years of the panel. Three groups were sampled in 1979-1981. One group was sampled in 1979-1981, 1983, 1985, and 1987-1990 . The remaining group was sampled from [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] . In years where a given SSN group was excluded from this panel, it was not excluded from other IRS sampling frames. As a result, a small number of those taxpayers were randomly sampled to be part of that year's IRS tax model file. These observations were subsequently included in this dataset, but flagged. I exclude them to preserve a consistent sampling structure.
14 The small number of such observations available are tardy returns filed during the sampling period.
to only individuals with non-zero total tax liability as well as non-zero tax prepayments.
This restriction excludes 62,159 observations from the data, and is conducted to avoid a potentially important confound. Note that individuals without taxable income will often face a balance due of zero for reasons unrelated to loss aversion, potentially confounding the bunching prediction. Additionally note that for individuals with zero tax prepayments, zero balance due aligns with zero total tax. Excess mass at zero total tax has previously been documented, and can be attributed to non-preference-based discontinuities in the tax environment (Saez, 2010 
Testing and quantifying loss aversion
In this section, I test the predictions of the loss-averse manipulation model presented in section 1 and directly estimate the model expressed in equation 4.
To do so, I fit a distribution with the predicted structure of equation 4 to the frequency histogram of observed balance due. I partition balance due values into $20 bins, denoting the count of observations within the bin centered on point k by C k . I estimate the parameters of the fitted distribution by minimizing the squared distance between actual and fitted counts, yielding the formal estimation equations:
15 In particular, bunching at zero total tax might reasonably be expected due to a) the discontinuity in marginal tax, and b) the nature of nonrefundable credits and deductions. Nonrefundable credits cannot be used to generate a net refund for the year relative to total tax payment (the sum of tax prepayments and payments on tax day). Assuming non-zero tax prepayments, the total tax and balance due are distinct, and thus nonrefundable credits can be used to generate a refund on tax day.
As in the theory section,m denotes the excess manipulation pursued in the loss domain relative to the gain domain. g(k|θ g ) represents the distribution of balance due that would be observed if all filers pursued the low manipulation amount. I model g(k|θ g ) as a mixture of three normal distributions, with θ g denoting its vector of parameters.
16 This distribution is augmented by the excess mass function E(k|θ e , −B 1 , B 2 ), with θ e denoting its vector of parameters and (−B 1 , B 2 ) denoting the range of its support. I implement this component as a triangular distribution with a free parameter to allow for extra mass in the zero balance due bin. 17 To ensure the distribution resulting from these two components integrates to 1, and to translate that distribution to frequency counts, these two components of the model are multiplied by endogenous scaling parameters
)dx and
.
In this formulation, note that our key parameter of interest-the extra manipulation 16 While mixture distributions like these are often used to estimate the proportions of different "types," that interpretation is not meant here. Rather, this is a simple but flexible way to approximate a large class of distributions. For its application here, it may best be thought of as an eight parameter distribution that can accommodate substantial skew, kurtosis, and multi-modal structure. As will be seen in the models to come, it results in a good fit of the empirical histograms studied. In many cases, these distributions would not be well fit by more common but less flexible parametrizations.
17 Formally, E(k|θ e , −B 1 , B 2 ) = max
sirable feature of accounting for the two-stage structure of the estimation procedure above (first estimating the empirical frequency counts, and then fitting a model to them). 
Correlates of loss-averse behavior
In this section, I replicate the above estimation exercise while restricting the sample to various groups of interest. Since the goal of this exercise is to determine which groups contribute to the generation of excess mass observed in figure 2, I fix the bunching range to be the region estimated in that analysis. I then re-estimate the shape of the distribution and the parameterm for each relevant subgroup. 18 As seen in the first panel of table 3, imposing this restriction preserves the same point estimate of the shifting parameter in the full sample analysis but reduces the standard error from 4.68 to 2.89.
18 While imposing this restriction is important for attributing explanations for the excess mass in figure 2, it also is important for technical considerations. As the amount of loss-averse manipulation tends towards zero, our ability to distinguish the boundaries of the bunching region are diminished, and the estimates of these parameters become unstable. This restriction sidesteps these problems in cases where little loss-averse manipulation would be detected.
To better understand which types of taxpayers are driving this documented behavior, I begin by examining differences by income levels. I split the dataset into four subsamples corresponding to the four AGI quartiles and perform the estimation exercise described above.
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The predicted models are plotted in figure 3 , and the point estimates ofm are reported in the first panel of table 3. While evidence of the loss-averse pattern is seen and estimated in all four quartiles, it becomes noticeably more pronounced among higher income filers.
Estimated additional manipulation under losses is $20.8 for the poorest income quartile, but increases to $45.0 for the richest quartile (z of difference=2.25, p < 0.03). This is consistent with the notion that higher-income tax filers have more complex tax behavior and thus more options for tax manipulation that might fall in the marginal set. Furthermore, this demonstrates that this behavior is not corrected by the variation in financial sophistication that occurs across the income distribution.
Next, I directly assess the association of these patterns with observable categories of tax reduction. In figure 4 , I plot estimated distributions while conditioning on the presence or absence of itemized deductions, adjustments to income, or credits. Point estimates of m are reported in the second panel of table 3. As seen in these figures and estimates, the patterns predicted by loss aversion are more pronounced when itemized deductions are present (m=$45.6 vs.m=$26.0, z=2.50, p < 0.02) and when adjustments to income are present (m=$47.3 vs.m=$29.9, z=2.18, p < 0.03). These results are consistent with the notion that these behaviors are candidate manipulation opportunities in the marginal set. In contrast, however, the patterns predicted by loss aversion are more pronounced among those not claiming credits as opposed to those claiming credits (m=$33.9 vs.m=$19.6, z=2.16, p < 0.04). While this particular result is unexpected, it can be rationalized by noting that the claiming of credits is a comparatively small component of overall tax reductions (see table 2 ). Furthermore, while AGI, itemization, and claiming adjustments are all strongly positively correlated (correlations ranging from .19 to .54), the claiming of credits is only weakly correlated with these other features (correlations ranging from .05 to .10). This suggests that the claiming of credits is likely a less suitable proxy for total manipulation 19 Since the income distribution changes over time, observations are assigned into quartiles based on year-specific income distributions.
than the other two tax reductions considered.
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To better approximate total tax reduction activities while simultaneously controlling for taxpayer characteristics, I construct an approximate measure of an individual's "residual" tax reductions occurring through these three channels. To construct my measure, I build the variable R = (credits) + (marginal tax rate)×(adjustments + deductions).
21 I then regress this measure on filing-year dummies and individual fixed effects, and estimate the remaining residual. High values of this residual suggest that an individual is pursuing an usually high amount of tax reduction activity, conditional on the year and their usual behavior. While this is still an imperfect proxy for total manipulation activities-as it misses any manipulation occurring through evaded income or through selective claiming of items relevant for income calculations 22 -it provides a more complete measure of the totality of tax reductions occurring through the three channels just examined in isolation. I divide this variable into quartiles, estimate quartile-specific values ofm, and plot these estimates in figure 5 . As is immediately visually apparent, the estimate of loss-averse tax reduction is strongly associated with this measure of unusual tax reduction activity. Whilem is estimated to be $30.9
in the first quartile, it rises to $85.7 in the top quartile (z of difference=5.45, p < 0.01).
Analysis of this variety is additionally useful for assessing a possible alternative means of manipulating balance due: earlier tax payments. If a taxpayer anticipates that he will evaluate his balance due in a loss-averse manner on tax day, he might choose to raise his withholding levels during the year to offset this effect. This change in withholding and the hassle costs associated with this action can be interpreted as another type of manipulation opportunity appearing in the sequence modeled in section 1. While behavior of this sort 20 Instead of comparing, e.g., those with and without itemized returns, one may instead wish to compare those who itemized returns but did not claim credits or adjustments to those who did not use any of these three manipulation channels. Partitioning filers in this manner results in comparatively small bin sizes, and thus results in comparatively low-power analysis. However, this analysis reveals a similar pattern of pointestimates to the results of table 3. Compared to respondents without itemized deductions, adjustments to income, or credits, respondents with only itemized deductions or only adjustments to income demonstrate a larger degree of loss-averse manipulation (itemized deductions:m=$47.3 vs.m=$20.8, z=0.74, p = 0.46; adjustments to income:m=$41.8 vs.m=$20.8, z=0.33, p = 0.74) . Respondents with only credits again demonstrate a lesser degree of loss-averse manipulation (m ≈ $0 vs.m=$20.8, z=3.07, p < 0.01).
21 While credits apply directly to the taxes due-and thus one dollar of credits leads to one dollar of tax reduction-itemized deductions and adjustments reduce the individual's taxable income, and thus reduce taxes by their amount multiplied by the individual's marginal tax rate.
22 E.g., deductible business expenses.
could still be used to identify loss-averse evaluation of taxes, this type of manipulation is arguably of significantly less policy importance since it would affect only the timing of payment rather than the final amount paid. To test if this type of manipulation is present, I
construct an analogous residualized measure to that created above. I regress the total of tax prepayments on filing-year dummies and individual fixed effects and recover the estimated residual. This provides a measure of the degree to which withholdings deviated from the taxpayer's typical behavior. As can be seen by the grey line in figure 5 , this measure shows no association with our estimates of loss-averse manipulation. As a supplemental analysis, I directly regress residualized withholding on a dummy variable for gain/loss status. In contrast to the prediction of the loss-averse model, I find that withholding is lower for those facing a loss than for those facing a gain (loss dummy coefficient = -531.53, clustered s.e.=32.80,
23 In short, I find no evidence that supports the worry that these patterns are driven by withholding behavior, and indeed find withholding patterns that are directly inconsistent with the use of tax prepayment as a loss-averse manipulation opportunity. In contrast, I find substantial evidence that the patterns I document are associated with the pursuit of common tax reduction activities.
Assessing alternative explanations for observed results
In this section I evaluate several robustness considerations and alternative theories of the observed behavior, and present evidence in favor of the loss-averse account.
Alternative forms of reference dependence:
The theory presented in section 1 introduces reference dependence in a piecewise-linear manner, capturing the perception of a higher marginal return to manipulation when facing losses. This theory did not include two additional forms of reference dependence that could conceivably be relevant. The first alternative form is a "notch"-i.e., a direct discontinuity in utility levels (as opposed to slopes) when losses turn to gains. Such a discontinuity could arise if taxpayers face a fixed psychological 23 In contrast, similar analysis on the residualized manipulation measure suggests that manipulation is higher in the loss domain, although standard errors are comparatively large (loss dummy coefficient = 22.34, clustered s.e.=14.55, p < 0.13). This is consistent with the prediction of the loss-averse model, and aligns with previously published results suggesting positive associations between owing a tax payment and tax evasion (Clotfelter, 1983), 401k claiming (Feenberg and Skinner, 1989) , and the Swedish deduction for "other expenses for earning employment income" (Engström, Nordblom, Ohlsson, and Persson, 2015) . cost when making any positive tax payment, if taxpayers are significantly annoyed by having to write a check in the course of tax filing, or if taxpayers believe audit rates change significantly near the reference point. The second alternative form is a change in utility curvature occurring at the reference point; models of prospect theory often include the assumption of "diminishing sensitivity," which implies that utility is concave over gains and convex over losses. As illustrated in figure 6 , both of these forms of reference dependence make predictions contrasting with the loss-averse theory and with the empirical results. These forms generate bunching in a different manner than loss aversion: rather than inducing extra motivation for manipulation across the entire loss domain, these forms operate by motivating individuals facing small losses to take steps to move just past the reference point. Thus, while loss aversion generates excess mass surrounding the reference point, a notch or diminishing sensitivity would predict excess mass on the gain side and missing mass on the loss side.
The observed distributions in figures 2, 3, and 4 do not support these predictions. For a detailed investigation of alternative forms of reference dependence in the context of marathon running, with accompanying simulation studies supporting the intuitions discussed above, see Allen, Dechow, Pope, and Wu (2016).
Financial constraints:
As explored in Andreoni (1992), financial constraints can incentivize tax noncompliance. Tax evasion can serve as a risky substitute for a loan, implicitly trading income now for expected penalties in the future. Financial constraints generate a discontinuity in marginal incentives to take such a loan at the precise point where the borrowing constraint binds. However, a theory of financial constraints would naturally predict effects driven by low-income filers with comparatively low access to savings or credit. In contrast, the patterns attributed to loss aversion are most prevalent among high-income filers. As a more direct test of this logic, I identify tax filers in my panel whose tax returns reveal the presence of savings to draw on. 41% of the taxpayers in my sample report positive taxable interest income-the reporting category for interest from checking accounts, savings accounts, and other savings instruments-on every observed return. Restricting the sample to just these filers, the estimate of loss-averse manipulation is $30.4 (s.e.= 4.05): similar to the full-sample estimate and within its relatively narrow confidence intervals. While financial constraints do undoubtedly influence tax manipulation decisions, these results suggest that their presence has little influence on the patterns documented in this paper.
Interaction with tax preparers:
A substantial fraction of tax returns are filed by a paid tax preparer on the taxpayer's behalf. In principle this could complicate the manner in which manipulation decisions are made. In six years of my panel, I am able to observe if the use of a paid preparer was reported. I may therefore estimate loss-averse manipulation conditional on this variable. These fitted distributions are plotted in figure 7. I find that loss-averse manipulation is present in both groups but more pronounced among self-prepared returns (m=43.7, s.e.=9.94) than professionally prepared returns (m=22.6, s.e.=6.56; z of difference=1.77, p < 0.08). The continued presence of loss-averse manipulation among professionally prepared returns can be rationalized by assuming that either 1) paid tax preparers are themselves loss averse, or 2) paid tax preparers believe their customers are loss averse, and incorporate their customers' utility into the avoidance and evasion strategies they pursue. Furthermore, the finding in figure 7 that the excess mass is more tightly distributed at zero for paid preparers is consistent with the notion that paid tax preparers have greater access to continuous manipulation opportunities.
24 While these patterns suggest interesting interactions between loss-aversion and professional assistance, the persistence of bunching and shifting among those not utilizing a paid tax preparer alleviates the concern that these patterns are somehow unique to that principal-agent relationship.
Misunderstanding of the underwithholding penalty:
The underwithholding penalty and the discontinuity in the tax schedule it induces can drive bunching behavior in tax manipulation activity. However, this penalty is not imposed until substantial underwithholding has occurred, exceeding a grace window bounded below by a percentage of total tax. As a result, the bunching behavior induced by rational response to this provision would not occur at zero and cannot rationalize the observed results. Widespread misunderstandings of these withholding requirements, such as the incorrect belief that any positive balance due leads to a penalty, could potentially generate bunching and shifting patterns similar to what I have 24 For example, using audited returns from 1979 , Erard (1993 demonstrated that tax noncompliance is dramatically higher among individuals with CPA or lawyer-prepared returns, in contrast to self-prepared returns. Weighted results from his subsample suggest that 39.2% of self-prepared returns understate their income, with a mean level of noncompliance of $244. In contrast, 63% of CPA or lawyer-prepared returns understate their income, with a mean level of noncompliance of $1,786. To the extent the misrepresentation of one's income can be targeted to-the-dollar, pursuit of this type of manipulation would generate precise bunching in the manner observed.
documented. Two results suggest that this is not the mechanism driving the observed results. First, the fact that these behaviors are still seen among professionally prepared returns alleviates concerns that misunderstandings of tax law are responsible. Second, due to the panel nature of this dataset, I can run this estimation exercise restricting the sample to only observations where the taxpayer has previously been observed facing a loss. In this subsample, the estimate of loss-averse manipulation remains large (m=$41.8, s.e.= 8.74). Under the assumption that the process of reporting a loss would correct an inaccurate belief that all losses induce penalties, this result alleviates the concern that this possible misunderstanding drives my results.
Discussion
In recent years we have seen great interest in transporting the insights of prospect theory into mainstream empirical economics; as argued in Barberis (2013), this enterprise is bearing fruit but is still in its early stages. The results explored in this paper demonstrate a setting where a key component of prospect theory-loss aversion-productively informs our understanding of a centrally important economic field behavior. Beyond simply highlighting a psychological mechanism in play, the nature of the observed reaction to loss framing has important implications for tax policy and behavioral economics. I discuss these implications below and suggest paths for research moving forward.
The estimates provided in this paper suggest that changing the distribution of balance due can influence aggregate tax manipulation through purely psychological channels. To help assess the magnitude of this effect, note that over 150 million tax returns were filed in 2015, with 109 million claiming a refund (Internal Revenue Service, 2016) . If tax filers claiming a refund were as motivated to manipulate as those facing a payment-and thus pursued $34 of additional manipulation as my full-sample estimates suggest-3.7 billion dollars of additional tax reduction would occur. Conversely, if tax filers owing a payment were as motivated to manipulate as those facing a refund, 1.4 billion dollars of additional tax revenue would be collected. In short, since tax interactions affect orders of magnitude more individuals than exist in most demonstrations of loss aversion, loss-averse response can aggregate to amounts rarely seen in previous studies of prospect theory.
To provide a quantification of effect sizes tied to more concrete policies, we may use these estimates to consider the impact of changing withholding rules. Since early payments to the tax authority are equivalent to granting an interest-free loan, the current prevalence of overwithholding has been argued to be undesirable for taxpayers. Jones (2012) calculates that the average opportunity cost from this lost interest is $80, and reports examples of states intentionally changing withholding policy to try to capture some portion of this interest. 26 While it has been recognized at least since Shepanski and Shearer (1995) that overwithholding is more desirable for the tax authority if tax filers are loss averse, the approach taken here provides the first estimates of the magnitude of these effects. The resulting estimates suggest that loss-averse behavioral response accounts for a significant portion of the costs or benefits to changing withholding policy.
As a more qualitative consideration for tax policy, these results suggest that gain/loss framing can assist in controlling tax morale, and can be employed to reduce evasion or improve the efficacy of tax incentives. Conceptually, it may be possible to manipulate a taxpayer's perception of what constitutes a gain or a loss-potentially through relatively cheap manipulations to phrasing or presentation. 27 Loss framing could be induced to increase the take-up rate of a specific tax-based incentive in targeted populations. Gain framing could be induced to reduce evasion motives among traditionally noncompliant groups, potentially in a cost-effective manner when compared to audits. These promising possibilities merit further research. For a recent review of related issues in tax morale, see Luttmer and Singhal (2014) .
Moving beyond the implications specific to tax policy, the techniques and the results put forth in this study contribute to the recent literature utilizing bunching-based empirical strategies. Analysis of bunching is rapidly becoming a key identification strategy for understanding reference effects. Recently published papers have used such approaches to study the importance of round numbers as goals (Pope and Simonsohn, 2011) , effort provision in the lab (Abeler, Falk, Goette, and Huffman, 2011) , price targets in mergers and acquisitions (Baker, Pan, and Wurgler, 2012) , and the goal-setting behavior of marathon runners (Allen, Dechow, Pope, and Wu, Forthcoming) . These papers use the presence of excess mass as a qualitative test for the presence of reference-dependent thinking. My theoretical framework provides a technical contribution to this literature by illustrating how to identify policyrelevant parameters of the loss-averse model from this bunching. Approaches like this are necessary as the work of behavioral economists moves beyond demonstrating that prospect theory is qualitatively relevant to economic decision making, and towards precise statements of the quantitative impact of this psychology in the field.
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In the context of the broad study of reference-dependent behavior, results presented here inform an ongoing debate on the precise nature of the reference point. The loose specification of the gain/loss threshold has long been considered an undesirable degree of freedom in reference-dependent models. Recent research has focused on expectations-based reference dependence, which rationalizes a variety of empirical regularities and which successfully "closes the model" by endogenizing the reference point (Kőszegi and Rabin, 2006 Rabin, , 2007 .
Some empirical studies have found support for the expectations-based model (e.g., Crawford
and Meng, 2011; Ericson and Fuster, 2011) , while others have not (Heffetz and List, 2013) .
In the tax setting considered here, a simple model of the reference point, more in line with Kahneman and Tversky's original presentation, provides significant insights into the observed behavior-insights which would not be explained by a rational-expectations-based model. However, while this paper has focused on evidence supporting a reference point of zero, evidence consistent with alternative reference points is also present in these data;
indeed, diffuse bunching is observed around last years' balance due (a potential status quo) and the person-specific average balance due (an expectations-based reference point in line
with Crawford and Meng (2011)).
29 While this suggests that other reference points might be in play, cleanly interpreting bunching along these dimensions as evidence of loss aversion is difficult since similar behavior over time is to be expected. To the extent that I have focused on one of potentially many reference points, my estimates of the aggregate impact of loss aversion are likely conservative. As we continue to export the insights of prospect theory out of the lab and into policy, approaches accommodating heterogeneous and individual-specific reference points will likely prove essential. Notes: In the context of the example presented in table 1, this figure illustrates the predicted relationship between total tax reduction and unmanipulated balance due (top panel), total tax reduction and manipulated balance due (middle panel), and the shape of the distribution of balance due that would result from loss-averse manipulation (bottom panel). figure 1 . Columns 1-3 present the index of each opportunity (i), the tax reduction it grants (m i ), and the cost of its pursuit (c i ). Column 4 presents the conditions on pre-manipulation balance due (b P M ) for which manipulation opportunity i is pursued. Column 5 presents the conditions on pre-manipulation balance due for which manipulation opportunity i is the final opportunity pursued. Column 6 presents the range of manipulated balance due values that could be reported by a taxpayer who stopped manipulation at opportunity i. Column 7 presents an alternative sequence of costs which would generate the same pattern of behavior documented in columns 4-6 under the assumption that λ = 4. Section 1.5 discusses this alternative example as an illustration of the challenge inherent in separately identifying the cost sequence and λ. This result implies that the loss aversion parameter (λ) cannot be separately identified from the magnitude of costs of manipulation (embedded in the sequence c i ) under the data generating process I study. Notes: This table presents parameter estimates of the extra manipulation pursued when facing a loss (m) based on the estimation strategy described in section 3. The first column presents the primary estimates presented in the paper. The second column reproduces these estimates, applying the assumption of a symmetric bunching region (i.e., B 1 = B 2 ). The third column reproduces the estimates under the assumption that the counterfactual distribution is symmetric. In the context of a three-component mixture model, symmetry is imposed by assuming a common mean across the three components. While the imposition of a symmetric bunching region has little quantitative effect on the estimates, the imposition of a symmetric counterfactual distribution leads to a substantially higher estimate of lossaverse manipulation. As can be seen in the plot of the fitted distribution from column 3 (see figure A.1), the imposition of symmetry results in a visibly worse fit, and results in skew of the underlying distribution being misattributed to loss-averse manipulation. Blockbootstrapped standard errors, resampling by taxpayer ID and based on 5,000 simulations, are presented in parentheses. All monetary amounts are expressed in 2016 dollars. 
